Abstract-Automated retinal screening relies on vasculature segmentation before the identification of other anatomical structures of the retina. Vasculature extraction can also be input to image quality ranking, neovascularization detection and image registration. An extensive related literature often excludes the inherent heterogeneity of ophthalmic clinical images. The contribution of this paper consists in an algorithm using front propagation to segment the vessel network, including a penalty on the wait queue to the fast marching method, which minimizes leakage of the evolving boundary. The algorithm requires no manual labeling of seeds, a minimum number of parameters and it is capable of segmenting color ocular fundus images in real scenarios, where multi-ethnicity and brightness variations are parts of the problem.
I. INTRODUCTION
Retinopathy damages the retina, often causing severe vision impairment and blindness. In many cases, ocular fundus image can support timely diagnosis of retinopathy. Almost 100% of individuals with diabetes will present some kind of retinopathy after 15 years of illness and 60% of them will develop the proliferative case. Diabetic retinopathy is the major cause of blindness among working age adults in United States, with 24,000 diabetics becoming legally blind each year, while less than 50% of them receive needed annual exams. Research in automated image analysis of ocular fundus is encouraging [3] . In collaboration with care providers, we aim at designing efficient algorithms to be incorporated into telemedicine softwares, such as EyePacs [1] to enable retinopathy screening from color fundus photographs. We believe that automation could be incorporated into the routine of primary care providers for both nonemergency examination and screening of retinal images.
In previous work with retinal screening automation, we applied mathematical morphology operators for image enhancement, segmentation of vessels and microaneurysm detection [7] . By combining algorithms from [14] , [17] with feature extraction based on intensity measurements as in [3] , we obtained correct classification of microaneurysms 84% of the time. Later we observed that the performance of such algorithms are of limited use when the task involves typical clinical retinal images, encountered in retinal screening databases. The major challenge is to generalize the algorithms enough to correctly identify anatomical structures of ocular fundus images, given that image brightness is correlated to skin pigmentation, iris color, pupil size, and ethnicity.
Morphological operators have been used to improve ocular fundus images through filtering as well as segmentation of structures [16] as vessels [17] , red-lesions [8] , optical disks [11] , [10] and microaneurysms [2] . Recent reviews on analysis of retinal images using automated techniques for screening can be found in [4] , [3] . The reviews suggest that mathematical morphology (MM) based algorithms are the standard, but we observed that they often generate false discontinuities, that cause errors when checking for vascular non-perfusion. This motivated our approach, which shows that such algorithms can be suitable to design initial conditions to numerical schemes such as those based on front propagation [12] . The idea of applying fast marching combined with wavelet transform for retinal blood vessel detection was outlined in [6] , however the paper only reported results for half of the images from the DRIVE dataset, lacked the accuracy per image and comparisons with other algorithms, and illustrated using a single example, which contained unsuccessful identification of the optical disk as non-vessel region.
Our paper introduces a segmentation algorithm that efficiently segments the vessel network from ocular fundus images by propagating fronts with the fast marching algorithm, including color components during segmentation, result validation and comparisons. The segmentation pipeline encloses three main steps: a) a standard procedure of shade correction to even up the background illumination due to retina reflectance variation; b) detection of source points by a rough global thresholding of the shaded corrected image; and c) front propagation with a speed function calculated from a sum of top-hats over the shaded corrected image, the motivation being to emphasize the elongated structures, with images from two datasets. We describe the application of fast marching methods for vasculature segmentation from fundus photographs and compare the results to a standard MMonly method, which computes cross-curvature evaluation, originally proposed by Zana and Klein [17] and revisited in several recent publications [13] , [5] , [3] . We show the accuracy for each image from the DRIVE database for both algorithms, with further examples from Eyepacs database.
II. MATERIAL AND METHODS
The ocular fundus photographs are from the publicly available database DRIVE (Digital Retinal Images for Vessel Ex-traction at http://www.isi.uu.nl/Research/Databases/DRIVE) [15] , which contains 40 color images (dimensions: 565 x 584 pixels), and their respective manual segmentation, which is often reported in evaluations between different segmentation methods. We also provide vascular segmentation of images from a clinical database (EyePacs), subsampled according to DRIVE images for fair comparisons. EyePacs contains nonmacular centric, with nonuniform illumination views of the eye fundus from clinical routine, kept in an online web-based program to support remote image referrals.
We now present two algorithms for vessel segmentation: (a) a standard technique using mathematical morphology (MM) and an original method using wave propagation (WP), which evolves an interface to identify the vessel network from the fundus images. Both methods apply mathematical morphology operators for shade correction and vessel contrast enhancement as a previous step (Fig. 1) , however they rely on a major difference in the segmentation. While the former method approximates the sign of the curvature by the sign of the Laplacian, calculated over the previous step, our method uses such a step to synthesize a speed function ( Fig.1.b) for the evolution of the boundary, separating the vessels from the background. Our approach starts with seed points to move the interface, which depends on the intensity of the speed image and, ultimately, is regulated by the color properties in the vicinity of the propagating front to improve the accuracy of the segmentation at the borders.
A. A contrario model using MM
The method introduced by [17] combines MM with curvature evaluation, and it is often described as a contrario model since it focuses on eliminating what is not a vessel [5] . This algorithm was tailored to enhance vessel-like patterns by considering a model that incorporates local linearity of the vessels, piecewise connectivity and vessel brightness modeled by a Gaussian-like profile. Morphological reconstructions and a sum of top-hats highlight vessels from the green channel of the image (I), roughly approximating a vessel segment by a straight line of n pixels (suggested: 15 pixels as in [17] ).
Advantages of these morphological operators are the removal of noise while preserving most of the capillaries by transforming the shade corrected image (I s ) with openings by reconstruction (Eq. 1), given rotating linear structuring elements
o . The result I op is input to the sum of top-hats (I th ) step, which enhances vessels independently of their direction (Eq. 2).
(1)
The I th image representation is input for two steps in our algorithm: a) a global threshold (Otsu [9] ) to select a set of source points (S) belonging to vessel parts to initialize the front evolution; and b) the motion equation, which uses I th as the speed function F to evolve S, based upon the numerical scheme presented in the next section.
B. Front propagation and color penalty
Among the several algorithms to solve equations of motion for moving interfaces with partial differential equations, fast marching methods can solve the Eikonal equation,
where F is a speed function that depends only on the position of the front and T (x, y) is the arrival time at each point, and N is the total number of points in the computational domain. Fig. 2 illustrate the idea of propagating a front, which advances monotonically with a speed function F that never changes sign. In our approach, it models an interface S moving always outward. The position of the front at each time step of an iterative process is recorded by T , starting with T (S) = 0. The implementation of this numerical discretization relies on the solution of a first-order upwind scheme, which itself depends on computing the arrival time T at each point p from a neighborhood. The upwind scheme approximates the gradient ∇T by calculating: 
and analogously defined for the y coordinate. Starting with the seeds in S from the binarization method, we can assign T (x k , y k ) = 0 to the n pixels at the position x k , y k , for k ∈ [1, n]. Each of these n seeds is embedded in the set of functions Φ k , hereafter called fronts. The front propagation is limited by the position of other fronts, such that every time a front moves one step, the updated pixel status is considered as a trial, preventing the fronts from crossing. The status changes from trial to definitive state, a.k.a. "known" state, after selecting the minimum trial value from the trial list (T L) and recalculating the arrival time, according to its "known" neighbors. The efficiency of the algorithm proposed by Sethian [12] stems from the search for the minimum trial value using a heap, the data structure to organize the arrival times T . In this application for ocular fundus, we add a penalty to the pixel insertions to T L such that it guarantees color similarity between the new position and the "known" position.
Preliminary results showed that the application of fast marching to ocular fundus vessel segmentation depended on minimizing the "leakage effect" of the algorithm. This effect corresponds to the accuracy during the interface evolution to determine the borders of the vessel, a problem that stems from essentially local properties to evolve the functions Φ k . Our main contribution relies on adding a step to the algorithm, so that we can impose local relationships regarding color similarity of the pixels. The algorithm is summarized below:
stop execution else go to step (4) A transformation of the image into the CIELab allows the color similarities to correspond to small distances in the color space. The color similarity turns the RGB color vectors, p and q, into its respective CIELab coordinates, later normalized by the image CIELab mean (µ I ) and standard deviation (σ I ) vectors for dimensionless representation. So, forp = (p − µ I )/σ I , the normalized CIELab color vectors arep andq and their dissimilarity ( ) is empirically chosen to be smaller than 10%, i.e. d(p,q) < 0.1. 
III. RESULTS AND DISCUSSION
We compare the manual segmentation of the 40 images from the DRIVE dataset [15] with the output of the algorithms MM and the wave propagation (WP), as illustrated in Fig. 3 , which accuracy corresponds to x-axis=4 in Fig.  4 ). Our evaluation measurements consider the number of true positives (TP), false positives (FP), true negatives (TN) and false negatives (FN), and related them by calculating the sensitivity (SE = T P/(T P +F N )), specificity (T N/(T N + F P )) and predictive value (P V = T P/(T P +F P )) for each available image and manual segmentation. 4 presents the performance comparison, emphasizing the efficacy of the proposed WP method in solid lines, which is far more sensitive (87%), slightly more specific (85.6%) and presented higher prediction value (85.8%) as in Table I . The MM-only method [17] presented higher specificity for few images due to its low sensitivity (see image #25 in Fig.4) . Consequently, MM misses many TP pixels in the attempt to minimize the FP. Notice that WP is more stable since there are less fluctuations of SE, SP and PV among images by using proposed WP algorithm in comparison with the MMonly approach. both using an unoptimized Matlab code and running in a standard platform (Intel Centrino Duo 2.16GHz, 2GB RAM). In addition, we illustrate preliminary results for images from EyePacs clinical routine database in Fig. 5 , where the magenta-transparent color indicates the segmentation result over the original image.
IV. CONCLUSIONS
Our method presents the advantage of maintaining the connectivity of the ocular fundus vessels during segmentation using fast marching, it minimizes the number of false negatives and it incorporates color information to minimize mistakes at the vessel boundaries. Other values of dissimilarity ( ) could be used during color comparisions, conditioned to the fact that larger values will increase leakage and likelihood of including the macula area as vessel pixels while smaller values can lead to overfitting and compromise the segmentation with high specificity, but low sensitivity. Although we showed improved accuracy in comparison to a standard method for vasculature segmentation [17] , further improvements must still account for the leakage effect of the fast marching at the capillary level, here compromised due to imprecision of our speed function. Also, other thresholding schemes should be tested, since this is a key step in guaranteeing vessel segmentation, particularly in cases of non-perfusion in the vessel network. We are currently working on an approach that considers orientation of the propagation front to be considered during its evolution, in addition to the description of the segmented vessel area in terms of viscosity parameters.
